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The standard, Medical Implant Communication Services (MICS), allows two-way communication with medical implants in frequency band 401-406 MHz with the maximum bandwidth of 300 KHz and maximum transmitted power of 25 μw [2] . It is therefore desirable to have localization methods that are effective under these constraints.
The classic approaches addressing RF signal based localization are to first estimate one or more locationdependent signal parameters, such as time-of-arrival (TOA), angle-of-arrival (AOA), or received-signal-strength (RSS). In this step, the emitter (implant) propagates an RF signal and the sensors (on the body surface) capture the transmitted signal (as shown in Figure 1 ) and try to estimate the location-dependent parameters. Then in a second step, the collection of the estimated parameters is used to determine an estimate of the emitter's location. The methods based on time-of-arrival (TOA) are usually more accurate compared to the RSS or AOA based methods. In [2] , the authors make a comparison between RSS based methods and traditional TOA based methods (like in [4] ) for the purpose of capsule localization. The results show that the TOA based methods achieve more accurate results compared to RSS. However, the accuracy of traditional TOA based methods often suffers from the multipath conditions caused by signal reflections at the boundaries of body organs [4] . Since the human body is made up of various organs consisting of different types of tissues, the electrical characteristics of the entire body show vast heterogeneity and anisotropy, such as the conductivity, power absorption, path loss, and relative permittivity. For example, the relative permittivity value varies for different tissues and since the signal propagation velocity is expressed as a function of the relative permittivity, the propagation velocity and consequently the time-of-arrival highly depends on the tissues which the signal passes through from implant to the sensor [4] . The power absorption parameters and path loss exponent also vary by thickness of the tissue [11] and it necessitates to have some prior information about the location of the implant in traditional RSS based methods.
In [4] , the authors suggested an iterative method based on TOA estimation. In this method, the tissue configuration of the human body is acquired beforehand from MRI or CT system. Having this model, the average relative permittivity and the propagation velocity are computed. The time-ofarrival (TOA) for each sensor is also estimated using correlation methods. Then, the estimated TOAs and average relative permittivity are used to estimate the approximate implant location by least square methods. In the next step, the approximate location is used to find a more accurate permittivity, propagation velocity and finally the more accurate location estimation. However, like other traditional TOA based methods, the TOA estimation stage suffers from multipath conditions. In this method, the authors use ultra wideband (UWB) signal to achieve higher resolution in TOA estimation. However, UWB signals are not compliant with the Medical Implant Communication Services (MISC) standard.
In this paper, we develop a novel tissue-adaptive onestage method based on both time-of-arrival and path loss. We take advantage of spatial sparsity of the emitter in the 3D space to estimate the emitter location. In this method, we use the convex optimization theory to estimate the location of the emitter directly without going through the intermediate stage of TOA or path loss estimation. Since we don't need to estimate the time-of-arrival for each one of the sensors by its own in a separate stage and we also exploit the spatial sparsity to estimate the emitter location directly, this method is very robust to multipath conditions compared to traditional TOA based methods.
It is manifest that in emitter localization problems, the number of emitters is much smaller than the number of all grid points in a fine grid on the x-y plane in a twodimensional case or x-y-z space in a three-dimensional scenario. Thus, by assigning a positive number to each one of the grid points containing an emitter and assigning zeros to the rest of the grid points, we will have a very sparse grid matrix that can be reformed as a sparse vector. In this context, a sparse vector is a vector containing only a small number of non-zero elements [12] . Since each element of this grid vector corresponds to one grid point in the x-y-z space, we can estimate the location of emitters by extracting the position of non-zero elements of the sparsest vector that satisfies the delay relationship between transmitted signals and received signals [13] .
In principle, sparsity of the grid vector can be enforced by minimizing its ℓ 0 -norm which is defined as the number of non-zero elements in the vector. However, since the ℓ 0 -norm minimization is an NP-hard non-convex optimization problem, it is very common (e.g. in compressive sensing problems) to approximate it with ℓ 1 -norm minimization, which is a convex optimization problem and also achieves the sparse solution very well [12] . Thus, after formulating the problem in terms of the sparse grid vector, we can estimate this vector by pushing sparsity using ℓ 1 -norm minimization on the grid vector, subject to the delay relationship between the signals transmitted from the grid point and the signals received by the sensors.
We evaluate the performance of the proposed method by Monte Carlo computer simulations in massive multipath and shadow fading conditions. The simulation results show the accurate localization and high performance of this method even with low SNRs and with small number of sensors; this provides a significant advantage over traditional two-stage methods based on TOA or RSS.
II. PROBLEM FORMULATION
Suppose that an emitter transmits a signal and L sensors receive that signal. The complex baseband signal observed by the l th sensor is
where () st is the transmitted signal, l  is the signal delay, l  is the path attenuation, and () l ntis a white, zero mean, complex Gaussian noise.
In equation (1), l  represents the path loss in addition to a constant phase shift [14] [15] . The path loss model in dB is given by [11] ,
where [1] , [11] . Table I shows the path loss parameters for the implant to body surface model [11] . In free space, we can easily assume that the signal propagation velocity is constant. However, as mentioned above, for localization inside the human body the propagation velocity is not constant. The signal propagation velocity in a homogeneous tissue is given by [4] ,
where v(ω) is the propagation velocity at frequency ω, c is the velocity of light in the free space and ε r (ω) is the relative permittivity of a human body tissue at frequency ω [4] . As we see in (3), the relative permittivity is frequency dependent. However, the values and curves for relative permittivity are available for various frequencies and different tissues (such as muscle, fat, bone, stomach, intestine and so on) [ 
To simplify the notations, we assume that we are interested in estimating the location of the target in the twodimensional (x-y) plane. It is easy to expand the localization problem to the three-dimensional case. Now, we assign a number , (6) since the location of the sensor l and each grid point (x,y) is known and we are able to find the delay and the path loss from (2) and (4) for the distance from grid point (x,y) to the sensor l. The unknown term is , xy  that represents which one of the grid point contains the emitter (i.e capsule). Now, if we reform all of the grid points in a column vector and rearrange the indices, we will have
The only difference between two-dimensional and threedimensional localization is that the vector ζ n will be longer in three-dimension case since it is formed by more grid points. Now, we define the matrix n  as the delay operator w.r.t all L sensors, assuming that the received signal comes from the grid point n (there is an emitter at grid point n):
... is the sparse vector of z-values assigned to each grid point and n is the noise. Now, we can solve our problem by forming the regularized BPDN (Basis Pursuit Denoising) problem [18] as:
where .
p is the ℓ p -norm defined as
III. SIMULATION RESULTS
We examined the performance of the proposed method using Monte Carlo computer simulation with 500 runs each time for various numbers of sensors (4, 6, 8, 10, 12, 14 and 16 sensors) in multipath and shadowing conditions. We generated the random Gaussian variable S in equation (2) with the variance available in Table I . We assumed that the sensors are mounted on the surface of human torso equally spaced or mounted in a wearable jacket (as shown in figure  1-(b) ) and the locations of the target and the reflector points have been chosen randomly. In this simulation, we used a BPSK signal with frequency of 405 MHz and bandwidth of 300 KHz which is consistent with Medical Implant Communication Services (MICS). The grid size is (1 1) cm  and the randomly chosen capsule location is (10.6, 6.2) cm in the x-y plane. We ran this simulation for two SNR values (-10dB and 0dB). Figure 2 shows the RMS Error vs. number of sensors for estimating the location of the capsule in (x,y). As we expected, the accuracy gets better by increasing the number of the sensors. As we see, the results show that the proposed method has very good performance even for low SNRs. 
IV. CONCLUSION
Recently, Wireless Capsule Endoscopy (WCE) has become a preferred method to visualize and diagnose the human gastrointestinal (GI) tract. The accurate estimation of capsule location plays a critical role in capsule endoscopy since the physicians need to know the exact location of the capsule in the endoscopy process. In this paper, we developed a method to estimate the location of the wireless capsule using both time-of-arrival (TOA) and received signal strength (RSS) based on the spatial sparsity of the emitter (capsule) in 3D space. As mentioned before, some challenges exist for in-body localization due to the complex nature within the human body, such as multipath issue caused by the boundaries of organs, the dependency of the signal propagation velocity on the tissue type and the dependency of the path loss parameters on the tissue thickness. The restrictions on signal bandwidth and signal power also make it more challenging to achieve accurate location estimation. In our method, we directly estimate the location of the capsule (as an emitter) without going through the intermediate stage of TOA or signal strength estimation.
To achieve an accurate estimation, we estimate the average propagation velocity and path loss parameters for the path from each grid point to the sensors. In this method, we assign a non-zero number to each one of the grid points containing the emitter (capsule) and zero to the rest of the grid points. Thus, the vector formed from these numbers will be a sparse unknown vector that we aim to estimate using convex optimization methods.
We evaluated the performance of the proposed method using Monte-Carlo simulation for various numbers of sensors and various SNRs. The simulation results show that the proposed method is very accurate in location estimation even with small number of sensors. Furthermore, the system demonstrates robust operations in noisy environments with low SNRs, which means that even with very low transmitted power (in order to reduce the risk of interfering with other users of the same band and also to keep the implant device small with long battery life), we can achieve a high localization accuracy.
